We empirically study a dynamic platform competition in the online daily deals promotion industry characterized by intense rivalry between two leading promotion sites, Groupon and LivingSocial, that broker between local merchants and local consumers. We find that, for a comparable deal, the incumbent Groupon enjoys a significant advantage in performance measured in the number of coupon sales, which appears largely attributable to its greater network size in the consumer side. Yet LivingSocial successfully enters and quickly increases penetration in this market. We find no evidence that LivingSocial offers consumers more favorable terms on their deals than Groupon. Instead, on the merchant side, we find that LivingSocial poach merchants from Groupon, aided by the publicly available information on individual merchants and deal performance. Poached deals generate greater and more predictable coupon sales than the deals developed internally. While information-based poaching provides a foothold for the entrant in overcoming the initial size disadvantage, over time it turns into a competition-intensifying channel, as Groupon reacts by the same poaching strategy. Our study shows how platforms compete dynamically in a two-sided market with open information structure, thereby complements prior theoretical developments for multi-sided markets.
Despite these theoretical progresses, however, there is a general paucity of empirical investigations that seek answers to "How do platforms compete dynamically in a multi-sided market and how does such competition affect their performance?" 1 This gap in the literature is not surprising, considering major challenges to any empirical study toward this direction. Researchers have found it difficult to obtain detailed data at transaction level for either group of agents. Furthermore, a majority of platforms (e.g., on-line auction sites, video games, search engines) compete in one aggregate market so that strategic responses between platforms can be analyzed only to a limited extent. Our empirical setting, the online daily deals promotion industry, has favorable industrial characteristics that help overcome these obstacles.
The availability of deal outcomes such as sold quantity is a significant advantage of our study because a key limitation of public data gathered from the Internet is lack of systemically organized information on sales quantities (Edelman, 2012) . Moreover, unlike most two-sided markets, the daily deals industry involves local merchants to which local consumers pay physical visits to redeem the purchased coupons. 2 This implies that the eventual match between a consumer and a merchant is necessarily constrained by the local-level competitive environment. Since both platforms, particularly LivingSocial as a second mover in this industry, have exhibited staged entries into regional markets, the variation in the entry timing across different geographic markets allows us to identify the strategic action-reaction by these platforms and analyze their impact on the relative performance over time and across regions.
Given this empirical context, we investigate how the two promotion sites compete dynamically in this two-sided market. We start by comparing between the performances of deals offered through these sites, as measured by the number of coupons sold in each deal after accounting for other likely determinants of sales. Theories on two-sided platforms would generally predict that the advantage accrues to the platform that commands a larger network size. Indeed, we find that the incumbent Groupon enjoys a considerable advantage in deal performance: on average, deals offered through Groupon sold 23% more coupons than the comparable deals offered through LivingSocial.
Groupon's lead in the merchant-side performance appears largely attributable to its greater network size in the consumer side.
Despite this size advantage that accrues to the incumbent platform, this industry has witnessed a fairly significant catch-up by LivingSocial, a late entrant. In a two-sided market, an entrant could use a "divide and conquer" strategy (Jullien, 2011) by attacking either the consumer side or the merchant side to ignite positive feedback from the other side. We thus first examine if LivingSocial offers to potential buyers more favorable terms than those of Groupon for a similar deal. We find little difference in the deal terms in general, although there is some indication of inter-temporal variations presumably initiated by the incumbent response.
Given the lack of noticeable differences in deal terms, we turn to examine what strategic actions might take place on the merchant side. A distinct feature of this industry is that, for each deal, the identity of the deal-offering merchant and the deal outcomes are all available on the web. This information can thus provide a convenient, and extremely accurate, basis for building effective market intelligence in general. In particular, the promotion sites may use this information to solicit the merchants with prior deal experience; doing so would, all else equal, help the sites to lower the cost of developing the merchant side because these merchants have already revealed their preference for daily deals and are familiar with the business model. The promotion sites could go even further to identify and solicit the merchants that attracted greater demand in prior deals, thereby improving their overall performance. The information availability is likely to work especially in favor of the entrant who has to overcome the initial disadvantage in a relatively short period of time. Consistent with this insight, we find that, on average, about 20% of new LivingSocial deals come from merchants that have previously promoted through Groupon. The proportion of these "poached" deals increases over time, reaching 25% toward the end of our data period. We further find that these poached deals, on average, generate about 9% more coupon sales than the deals developed internally. Our quantile regressions indicate that this performance improvement through poaching comes from both the reduction in the left-tail of the sales distribution and the increase in the right-tail outcome. Thus, the availability of merchant-level information appears to facilitate entries and business development by late movers into this industry.
The entrant's strategic exploitation of the incumbent business, however, does not go unnoticed; Groupon responds to this by also poaching merchants from LivingSocial. Though, due to its larger size, the proportion of poached deals remains below 10% for most of the period, the speed by which Groupon picks up on poaching is noticeable: the proportion starts at less than 5% but reaches 15%
by the end of our data period. For Groupon, the poached deals prove even more successful (i.e., 18% higher sales) than the internally developed deals, primarily helped by significant reductions in lefttail outcomes. This indicates that the information-based poaching, which provides a foothold for the entrant, becomes increasingly ineffective as an instrument for catching up with the incumbent and, in fact, turns into a competition-intensifying channel over time.
These findings suggest a fundamental dilemma embedded in the open information structure of Internet-based platforms. On the one hand, the provision of detailed deal information to the public helps alleviate consumers' concern about the quality of their choices while functioning as an effective marketing tool for attracting potential merchants. On the other hand, such public information facilitates entries and competitive chasing by rival platforms who can identify merchants with good track records and "poach" them away. The difficulty of retaining profitable agents exclusively to own turf may, at least partially, explain the recent financial struggles that plague this industry.
More broadly, our study sheds a new light on how the information-enabled action-reactions between platforms would perpetuate into intense competition.
Related Literature
Our study complements and extends recent empirical studies on two-sided platforms. Rysman He finds that advertisers appreciate consumer usage and that consumers also value advertising, which suggests the existence of network effects. Zhu and Iansiti (2012) develop a formal model of entry in platform-based markets in which the relative strength of an entrant's indirect network effects is important to its success. They confirm this insight with data on Xbox's entry into the videogame industry. While our study also confirms the role of network size on platform performance, we focus on how transaction-level information affects the dynamic platform competition.
Our paper is closely related to Seamans and Zhu (2012) who investigate the entry effect of Craigslist, a popular website for classified advertisement services, on the U.S. local newspapers.
They find that, upon Craigslist's entry, local newspapers with their own ads manager cut ads rates more sharply than those without such manager. Our study complements theirs in that we, too, examine the effects of a new platform's entry on competitive market outcomes. A critical difference is that, while in Seamans and Zhu the competition occurs between a new type of platform (i.e., an online ads site) and a traditional type of platform (i.e., local newspapers), in our set-up two online platforms with an almost identical business model compete in a head-to-head fashion.
Our study is also related to the literature of customer poaching and behavior-based price discrimination (Caminal and Matutes, 1990; Chen, 1997; Fudenberg and Tirole, 2000; Kim and Choi, 2010; Taylor 2003 Taylor , 2004 . The extant literature on behavior-based price discrimination has primarily focused on firms' strategic discriminations against different consumers depending on purchase history. In contrast, we study the information-based merchant poaching by the platforms that seek to attract more agents on the consumer side. Our paper provides a rationale for a value of merchant list, distinct from Taylor (2004) who theoretically examines the value of customer list that plays a basis for dynamic price discrimination. To the best of our knowledge, we are first to empirically study merchant poaching in a two-sided platform market. 3 More narrowly, our study joins a series of recent works on the online daily deals market. Despite the fast diffusion of the business model, research on this experimental market remains scanty and has mostly relied on case studies or survey methods. For instance, Edelman, Jaffe, and Kominers (2011) offer a theoretical model in which price discrimination and advertising can improve merchant profitability. Gupta, Weaver, and Rood (2011) conduct a comprehensive case study of Groupon and the daily deals market, and Norton et al. (2012) provide a similar case study of LivingSocial. Dholakia (2011) presents a survey of over 300 merchants across five major daily deal sites including Groupon and LivingSocial. We improve upon these studies by exploiting the full data of daily deals from two leading promotion sites to provide systematic analyses of the effects of multi-level market competition on the terms and performances of these deals. By doing so, we seek to identify the sources of a platform's competitive advantages and thereby provide a dynamic view of the platform competition in a two-sided market such as this one.
The Daily Deals Promotion Market

Two Market Leaders: Groupon and LivingSocial
Groupon is the current market leader with more than 11,000 employees as of June 2012. Only after three years of its first-ever deal, the 50%-discounted pizza coupon in Chicago, Groupon went public in November 2011, instantly raising $700 million that valued the company at close to $13 billion. The first mover's phenomenal success and the almost non-existent entry barriers prompted numerous followers who entered the market with similar services. By early 2011, there were more than 500 online sites that offered discounted daily deals in the U.S. (Norton et al., 2012) . Among these, LivingSocial is considered as the only serious competitor of Groupon (Gupta et al., 2011) in terms of size and coverage of deal offers. 4 LivingSocial sold its first discounted coupons in the U. 
The Business Model
Despite some differences in origins, features and target consumers, promotion sites have several common cores in their business model. There are three parties involved in this market: consumer, promotion site, and merchant. A promotion site contacts a merchant (or, much less frequently, a merchant contacts a site) and presents the promotion proposal at specific terms including value, price, discount rate, expiration date, etc. Once both agree to the terms, the site informs their registered users ("subscribers") of the negotiated deal via email. Subscribers receive these offers on a daily basis, which they can also forward to their contacts through emails or social networking services. No consumer pays any usage or membership fees to the promotion site to receive deal information. There are even websites (called "aggregators") such as Yipit.com that specialize in aggregating and providing various daily deal promotions, free of charge. On receiving the deal offer, consumers make the purchase decision before the offer expires, typically within two days from the notification. Consumers who purchase the coupon are charged for the listed price in advance, unless the deal is nullified due to, for instance, insufficient demand. Some promotion sites such as Groupon set a minimum quantity called "tipping point," below which the deal is automatically revoked. Consumers then take the coupon to the offering merchant to redeem it for the product or service as specified in the promotion. Some coupons are reportedly left unclaimed even after the expiry, which is normally six months to one year from the issuance date (Gupta et al., 2011) .
The promotion site earns a portion of the total revenue (= deal price × sold quantity), according to the pre-determined sharing rule. Dholakia (2011) reports that the merchant share ranges between 30% and 50%. The specific revenue sharing rule is unknown to the public and can vary across deals.
However, a 50-50 rule seems to be the norm in this industry. Our own estimation of the split rule based on Groupon's IPO prospectus (SEC, 2011) 5 gives around 46% as the site's average share of the revenue. Figure 2 illustrates the flow of this business model.
Industry Characteristics
The daily deals promotion market has several distinctive features that provide an attractive context for our empirical investigation. First of all, this is a novel example of two-sided markets. Merchants value the number of subscribers, assuming a constant ratio of buyers to informed subscribers.
Considering that consumers can feed the deal information to other potential buyers through various Internet channels, the value of adding one more registered user may increase more than linearly.
Similarly, all else equal, consumers may prefer a site that offers a greater variety of deals. 6 Thus, promotion sites must develop many appealing deals in the merchant side to stay attractive to the consumer side. Groupon and LivingSocial as market leaders have stayed far ahead of other promotion sites in attracting merchants due to their size advantage in the consumer base, which in turn enabled them to appeal to a greater number of consumers.
Another notable feature is that market participants are exposed to uncertainty about their expected surplus from the transaction. Clearly, each party has an incentive for participation: the consumer gets a steep discount that is otherwise rarely obtained, the merchant advertises the business to a large, targeted audience without bearing any upfront cost, and the promotion site earns a decent cut of the revenue generated from the deal. However, these returns are in no way guaranteed. A merchant's eventual profit of running a promotion may well depend on various factors such as contracted sharing rule, costs of providing the promoted product or service, rate of consumer redemption, the number of coupons sold at the specified terms, composition among buyers between new and existing consumers, and "upside spending" at redemption. 7 Consequently, merchants running a promotion face uncertainty about ultimate profits. Dholakia (2011) reports that 26.6% of the surveyed merchants lost money in daily deal promotions and 17.9% just broke even. 8 Promotion sites are not immune to this uncertainty because the revenue of the sites are completely tied to the merchants' sales performance. Consumers also take risks by paying in advance for an advertised deal to grab the high discount rate. For instance, the consumer may find the restaurant too crowded with many other coupon users, which could ultimately ruin her dining experience. The consumer may also feel that the advertised value was set too high for the food and thus the "perceived" discount rate was in fact low. Since there are many of these factors that render the daily deal quite experimental, we suspect that the performance history such as popularity of the promotion site and the deal-offering merchant can play an important role in facilitating market transactions.
Fortunately, the sites in our dataset make public their deal performance such as the number of coupons sold, from which we can also compute the exact sales revenue from each deal. This finegrained information is not available for most data that are scraped from the Internet (Edelman, 2012) . In fact, most Internet-based businesses have little incentive to make their sales information publicly available. However, in the daily deals market, promotion sites publish the number of coupons sold, among others, for every deal. Doing so helps these sites to establish their credibility to potential consumers, thereby creating positive feedback from the consumer side, as well as to demonstrate the effectiveness of their promotion to potential merchants when developing deals.
We further notice that there is relatively little room for differentiation between promotion sites. 7 For example, a customer redeeming a restaurant coupon may order drinks or desserts that are not covered by the coupon. Likewise, a dental patient redeeming a coupon for teeth whitening may opt for additional services if the dentist finds out some teeth problems and recommends a treatment. 8 One may argue that the promotion aims at maximizing long-term profits rather than seeking profits in the current deal, as the advertising slogan goes: "sell at a discounted price and expect consumers to return for a full price." However, given the low predictability of various factors, the uncertainty about the deal performance appears to be a legitimate concern for the merchants.
The merchant exclusivity is rarely achieved as merchants can choose any site to offer their deals through. Establishing the consumer loyalty is also hard as consumers can multi-home and switch almost instantly at no cost. According to Dholakia (2011) , 48% of the merchants indicated a willingness to repeat promotion but 73% of them considered a different daily deal site for their next trial. If this were true, the promotion sites might increasingly claim lower shares of revenue as the competition on the merchant side to attract deals gets intensified. The survey revealed another challenge for the promotion sites: the need to cultivate own loyal customers. In the survey, less than 20% of the daily deal buyers returned to the merchant later for a full-price purchase, indicating a fairly low customer loyalty formed through the daily deal promotion. Low differentiations between sites and generally weak loyalties from both sides of the market seem to be causing some industry observers to cast doubts on the market's overall prospect (e.g., Dholakia, 2011) . In our data, we also observe frequent changes in the merchant-site matching. Moreover, because the two sites started business in different regions (i.e., Groupon in Chicago vs. LivingSocial in D.C.), the incumbententrant relationship also varies across geographic regions, which provide a variation that we can exploit to cross-check the estimated effect of an incumbent status.
Data
Data Sources
Our data came directly from the websites of Groupon and LivingSocial. We downloaded and parsed the entire population of deals that have been offered by these two promotion sites through the end of November 2011, beginning from the Groupon's first pizza deal in Chicago in November 2008.
For each deal, we collect all available information such as product and service descriptions, terms of the offer, merchant information, and deal outcomes.
At the time of our data collection, both platforms provided a web-based interface in which a searcher could query with integer identifiers that these platforms had uniquely assigned to deals. 9 Using an automated web crawler written in Python, a computer programming language, we progressively scanned deals beginning from the integer one until no further query returned a result.
Owing to this search method, we believe that our dataset is close to being exhaustive.
Each of the promoted deals contains detailed information about the deal such as the content 9 The last access date to these sites was February 24, 2012, after which LivingSocial seems to have blocked the web-based lookup of past deals using the numeric identifiers.
(e.g., title, subtitle, tags (Groupon only), description of deal), terms of the offer (e.g., value, price, discount rate, start date (Groupon only), end date, expiration date, tipping point (Groupon only)), offering merchant (e.g., physical address, business name (Groupon only)) and others (e.g., sold quantity). Many of these information fields are common between the platforms, which enables the comparison of deal terms and performance across deals and between platforms. Figure 3 illustrates the sources of this information, annotated on typical deal promotions from these websites.
We augmented our dataset with several more variables that may reflect local socio-economic factors. From U.S. Census 2010, we used the county-level population, median household income and the proportion of population whose age ranges from 20 to 29. The inclusion of this particular age group and income was based on a survey by Accenture reporting that the primary consumers using daily deals are "young and affluent people." 10 In addition, to account for the possible impact of Internet accessibility on the demand for daily deals, we used the county-level high-speed Internet access data that the Federal Communications Commission publishes biannually since 2008. Each of these county-level variables was matched to individual deals according to the deal-offering merchant's physical address. Since the data were collected from two different sources, we went through a number of steps to ensure the comparability between the deals from each platform. Appendix A provides the details of the data integration process.
Sample
For the analysis, we constructed a sample from the raw data by the following procedure. We first excluded the deals that were offered outside the U.S. Since both platforms are operating globally, we chose only domestic deals to enhance comparability across deals. We also eliminated some obvious dummy deals that seemed to have been created for initial test purposes, such as those with negative prices or sold quantities. 11 Along with these dummies were dropped the deals that appeared to have obvious data errors such as zero quantity, zero or missing price and value, and discount rates outside the range of 0-100%. Together, these deals accounted for less than 2% of the observations. We only included deals that were actually transacted. The Groupon data have a field that shows if a particular deal has been "tipped," which is to indicate if the deal coupons were sold more than the pre-set threshold (called the "tipping point"). Any deal that sells below this minimum purchase volume becomes void. About 7% of the Groupon deals were not tipped and hence were excluded.
We further restricted the time window to the period from July 2009 to October 2011. July 2009 was the month that LivingSocial began to offer daily deals (Norton et al. 2012 ). 12 We ended the sample period at October 2011 to minimize potential truncation due to the timing of our data collection. Finally, we removed the deals that lacked information on merchant location. About 20% of the deals did not show the physical address of the merchant. Groupon had relatively more deals of this type (about 22% of its total deals) than LivingSocial (about 16%). These deals typically allow for redemption at any store and hence may confound the effect of local competition that we are interested in. Hence, we dropped these deals from the sample. 13 The final sample used for our analysis had a total of 143,525 observations. Among these, 73% (104,764) were Groupon deals. Table 1 We then move on to look at LivingSocial's strategy to overcome the initial disadvantage in network size. We first focus on the consumer side and analyze how LivingSocial compares with Groupon in deal terms such as discount rate, price and value, because these deal terms are most important for consumers' purchase decisions; all else equal, providing more attractive terms will help the entrant to win consumers. We are also interested in potential changes in Groupon's deal terms upon LivingSocial's entry, as a plausible indicator of incumbent reactions to entry threats. This is empirically feasible because the platforms enter multiple disaggregated local markets (i.e., divisions) at different points in time (i.e., year-month) with different product offerings (i.e., categories). For a meaningful comparison across different deals, we control for division-category-year-month-fixed effects in addition to local demographics and other deal characteristics.
Next we turn to the merchant side to examine the strategic actions taking place between the platforms, especially following the entries by LivingSocial into Groupon's territory. According to a survey on daily deals (Edison Research, 2012) 14 , 69% of LivingSocial subscribers also use Groupon and 37% of Groupon users also subscribe to LivingSocial. By contrast, our data show that only 20.2% (8.4%) of merchants that have run a promotion with Groupon (LivingSocial) run another promotion with the other platform. Given the prevalent multihoming (i.e., subscribing to both sites) on the consumer side and the relatively lower frequency of multi-homing on the merchant side, the merchant side appears to be a "competitive bottleneck" (Armstrong, 2006) in this industry.
Hence, the search for attractive new merchants becomes a critical part of the platforms' competitive strategies.
A distinctive characteristic of our setting is that the information on the merchant identity and their sales performance in a particular deal is publicly available. The availability of this detailed information allows the promotion sites to identify the merchants that have previously used a rival site to promote daily deals and use that information for developing new deals and thereby improving their overall performance. Thus, we investigate the changes in the platform-merchant combination that are likely induced by the platforms' use of past transaction information to poach merchants from the rival site. We also examine the performance implication of such tactic by comparing coupon sales between the deals from merchants that are developed internally and those from merchants that are poached. We expect this analysis to provide a new and general insight on the competitive dynamics in the flourishing Internet-based platforms that involve local agents with open information structures.
Determinants of Deal Performance
In this section we examine the determinants of deal performance, focusing on the effect of network size. Notice that, because platform revenues are a fixed percentage of merchant revenues, examining the merchant performance in a deal is equivalent to analyzing the platform performance. For a meaningful comparison of deal performance, we defined the variables as follows.
Construction of Variables
Deal Performance
We used the sold quantity, q i , to capture the sales performance of a deal i. One could alternatively use the gross revenue but, since revenue is equal to deal price times sold quantity, regressions of log-transformed revenue with a control of logged price produce almost identical coefficient estimates on the regressors but that of price. Hence, we keep the sold quantity for our primary performance measure.
Measures of Competition
We defined measures of competition at three different levels: local market, geographic division and national market. Note that deal i contains a number of different characteristics such as geographic division (d i ), deal category (c i ), deal date (t i ), mediating platform (w i ), and merchant location (l i ).
Our definition of the local market is a time-varying space that covers m months prior to the focal deal i, 0 < t i − t j ≤ m, within r miles of radius surrounding the focal merchant, l j − l i ≤ r.
Thus, the local market reflects the dynamic nature of competition among merchants and between platforms without being tied to a particular geographic boundary. We then defined Local Density (LD i ) as the total counts of daily deals offered by either of the platforms in the same deal category as that of deal i. This variable thus measures the "crowdedness" of the local market in the vicinity of deal i during the most recent period. Figure 4 illustrates how our definition of local market matches with the contour of the map of deals in the case of New York City. We used m = 3 and r = 3 for our main specification. 15 At the division level, we defined Competitive Intensity (CI i ) as the difference between the (log) number of deals of all categories offered by LivingSocial and the (log) number of deals of all categories offered by Groupon. This variable thus measures the closeness of the entrant's deal- 15 A more narrowly defined local market reduces an overlap with that of the geographic division, but contains fewer deals and tends to produce many zero values for Local Density. We experimented with alternative definitions of the local market by varying the time window (e.g., 1 month, 3 months, and all preceding months) and the radius (e.g., 3 miles, 5 miles and 10 miles). The results were robust to these variations.
offering capacity to that of the incumbent. Note that CI i covers all historical deals offered in a division so as to capture "cumulative" competitive outcomes in a given region. Because LivingSocial generally offered fewer deals, CI i took a negative value for more than 95% of the observations.
At the national level, we used Groupon Deal dummy as the indicator of deals offered by Groupon.
Given that our sample covers the entire U.S. regions in which both platforms operate, this variable is expected to capture the incumbent advantage over the entrant in the performance of individual merchant deals. This is obviously a crude measure as it only dichotomizes between platforms and hence fails to capture possible effects due to, for instance, changes in the relative size of consumer network over time. Hence, we also defined Relative Platform Reputation (RPR i ), a more sophisticated measure of incumbent advantage in the national market, as the difference between Groupon and LivingSocial in the total number of coupon sales cumulated up to t i − 1 where t i indicates the year-month of deal i. 16 This variable is thus a continuous and time-varying proxy of the size-based advantage of incumbent in the national market. 17 
Other Variables
We also included a number of potential covariates of deal performance. Prior Performance, measured by the gross revenue from the immediate prior deal of the focal merchant, controls for cross-merchant differences in quality (e.g., popularity, convenience, attractiveness of deal terms). Note that, by construction, this variable is defined only for the merchants that offer more than one daily deals during the sample period. For the merchants that offer a deal for the first time, we assigned zero to this measure. To isolate the effect of this treatment, we separately included First Deal, a dummy indicating the deals offered for the first time by the same merchant.
Distance to Division Centroid measures the geographic distance (in miles) between the deal-offering merchant and the division centroid which is the geo-center of the division as indicated by Groupon (Groupon, Application Programming Interface). This variable controls for differences in other demand-side characteristics associated with merchant locations. Price controls for the effect of this important deal term on the demand for deal i. 20's Ratio represents the proportion of people whose age is between 20 and 29 in the corresponding county. Median Household Income measures the average purchasing power of people living in a county. Lastly, High-Speed Internet Access, 16 We also tried total dollar amount instead of sold quantity. Results were very similar. 17 To more precisely measure the relative size of consumers, we would ideally like to count the number of "subscribers" who regularly receive deal offers from each platform at each point in time during the study period. However, such data are not available. Instead, we used the "realized" demand for the deals to proxy for the size of the consumers who are affiliated with the platform. To the extent that the consumer's propensity of purchasing a deal given the deal offer is comparable between two platforms, the actual number of coupon sales should be proportional to the size of the consumers affiliated with each platform.
coded as one of zero to six, captures Internet accessibility in the region. 18 Appendix B presents the descriptive statistics of the variables in our data.
Estimation
We assume that the deal performance is a linear function of the national-, regional-, and locallevel competition measures, in addition to deal terms and local demographics. We interacted the measures of competition with Groupon Deal dummy to identify potential incumbent advantages at each level of competition. We additionally controlled for temporal effects by including dummies for calendar year and month as well as for location-deal category-fixed effects by including divisioncategory dummies. We used the ordinary least squares (OLS) for estimation. To reduce the problem of heteroskedasticity, we logged all skewed variables and used robust standard errors, clustered by division-category. The regression equation is given by log(q idcym ) = α+β 0 ·Groupon i +(β 1 +β 2 ·Groupon i )×RP R i +X idcym γ +δ dc +τ y +τ m +u idcym (1) where q idcym is the sold quantity of deal i in division d, category c, calendar year y and month m;
X is the matrix of competition measures such as CI and LD including demographic variables, first deal dummy, deal terms (price, discount rate), prior performance, and distance to division centroid; δ dc , τ y , and τ m are respective fixed-effect terms for division-category, year and month; and u idcym is an error term. Note that, for this estimation, we separately control for calendar year and month because RPR i is defined at the national level and hence is perfectly correlated with year-month fixed effects. Table 2 presents the results on the determinants of deal performance. Column 1 shows that, for a comparable deal, promotions through Groupon on average leads to 23.1% more coupon sales than those through LivingSocial, as indicated by the significantly positive coefficient on the Groupon Deal dummy. Thus it appears that the incumbent platform enjoys a considerable advantage over the entrant in terms of the national market-level demand. This performance premium is less likely to be due to selection (i.e., high quality merchants choose to place their deals with the incumbent) because we explicitly controlled for the prior merchant performance, which was a positive predictor of the current deal performance. Note also that we included local demographic variables to control for socio-economic factors that might influence entry decision and deal performance.
Results
Column 2 additionally included Relative Platform Reputation, our proxy for the relative size between the platforms in the national market, along with its interaction with the Groupon Deal dummy. With the inclusion of this variable, the coefficient on Groupon Deal lost significance.
We have just interpreted the positive coefficient on the Groupon Deal dummy as evidence of an overall incumbent advantage. In two-sided markets such as this one, the incumbent platform typically enjoys a greater positive feedback effect due to the larger network size in the consumer side. Reflecting this correlation, including a more fine-grained measure of the incumbent advantage in size completely absorbed the effect previously born by the incumbent dummy variable. Estimates on other variables remained nearly unchanged.
This incumbent advantage, however, was reduced by the entrant's penetration into regional markets: a higher competitive intensity at the division level boosted the performance of LivingSocial deals relative to that of Groupon deals. A greater local density also undermined the industry-wide incumbent advantage: all else equal, Groupon deals performed worse than LivingSocial deals in local areas where deals of the same category had been more densely offered. 19 Coefficients on demographic variables were generally consistent with intuition: population, income, and the proportion of 20's in population were all positively related to sold quantity, though high-speed Internet accessibility was insignificant. First-time deals performed significantly better than subsequent deals on sold quantity. Consistent with the law of demand, a higher price led to lower sales. Merchants that were farther from the division centroid seemed to exhibit location disadvantage.
Competition on the Consumer Side
The previous section's result demonstrates the size advantage that accrues to the incumbent platform and hence a disadvantage for late entrants. However, as Figure 5 shows, LivingSocial was able to capture a fast-increasing share of the market since its entry. Though having begun as a small marginal player, LivingSocial quickly grew in size and, by the end of our data period, claimed over a third of the combined sales of the two platforms. Then, how did LivingSocial, a late entrant, mitigate the initial disadvantage? Given the two-sidedness of the industry, there are two ways that an entrant can quickly build up its business and thereby overcome the initial disadvantage. That is, the entrant could either attack the consumer side by offering more favorable terms for a similar deal, thereby triggering positive feedback on the side of merchants who are attracted by a large consumer network. Or, the entrant could try developing many attractive deals from the merchant side in order to attract consumers who actively search for such deals.
Comparison of Deal Terms
Based on this logic, we first examined the actions on the consumer side by comparing the terms of deals offered by the two platforms. Three deal terms, among others, collectively influence a consumer's purchase decision: value, discount rate, and price where the relationship is governed by price = value · (1 − discount rate). Each deal is unique in its own way. Also, platforms exhibit different deal mixes in terms of geographic regions, product category and timing. Thus, to ensure a fair comparison, we controlled for division-category-year-month-fixed effects. As a result, we estimated the following equation:
where ϕ idcym is one of three deal terms, ϕ ∈ {discount rate, value, price}, offered for deal i in division d, category c, calendar year y, and month m; Groupon dummy takes on value one for a deal offered by Groupon and zero otherwise; δ dcym denotes the full set of division-category-yearmonth dummies; v idcym is an error term. Hence, the baseline group consists of the deals offered through LivingSocial in the same division, category, year and month as those through Groupon.
Note that here we did not take logarithm of the deal terms in order to facilitate the interpretation of coefficients. To avoid possible bias due to extreme values, we excluded outliers (i.e., top 1% in each deal term) from estimation. 20 Table 3 shows the comparison of deal terms. Coefficients on the constant terms indicate that, on average, LivingSocial offered a 55.8% discount on deals with a value of $95.2, selling them for a price 20 The criteria for the outliers were either over $1,000 in value, or over 90% in discount rate, or over $200 in price.
Results
of $34.3 to consumers. 21 This steep discount is one of the salient features of daily deal promotions.
Surprisingly, however, Groupon generally offered slightly greater discounts on deals offered in the same region, category and month as those of LivingSocial. Groupon deals were also of somewhat higher value. But the differences in discount rate (0.44%p) and value ($2.2), albeit statistically significant, did not appear economically meaningful. As a result, consumers of both platforms ended up paying virtually the same price for a comparable deal. Hence, we found no evidence that the entrant was able to turn on the charm on the consumer side through more favorable deal
terms. If at all, it was the incumbent, not the entrant, that seems to have tried grabbing consumer attention, at least by offering more valuable deals at a greater discount, even though marginally.
Could it be that these differences in deal terms were a result of Groupon's strategic response to LivingSocial's entry? To examine this possibility, we performed the deal comparison on two separate time windows: (i) deals offered within the first 12 months of LivingSocial's entry into a division, and (ii) those offered after one year and beyond of the entry. Table 4 clearly demonstrates that the differences in deal terms almost entirely came from the initial 12 months following LivingSocial's entry. During the first year of the entry, the incumbent Groupon offered a significantly greater discount (0.71%p) on deals of higher value ($3.85) than the entrant LivingSocial did for competing deals. These differences, however, disappeared after more than a year since the entry. In neither of the time windows was there a price differential between platforms. The sharp inter-period contrast in deal terms suggests that, upon LivingSocial's entry, Groupon has systemically responded by increasing discount rates and deal values while keeping the consumer price unchanged. 22 Most likely, such deal design reflects the incumbent's strategic action to make its deals look more appealing to the consumers who can now access highly substitutable deal promotions in the local market.
However, this strategy seems to have been imitated fairly quickly by the entrant. The erosion of the gap in the second period was not because Groupon reverted to its previous deal term structure but because LivingSocial matched Groupon deals by increasing discounts (0.7%p) and values ($13) of its own deals. This strategic action-reaction between the platforms led to a gradual convergence in deal terms over time. The average coupon price increased by about $3.5 between the periods, but the increment was considerably smaller than the increase in the average deal value. As a consequence, consumers were able to purchase more valuable goods and services at relatively lower prices as the competition between the platforms intensified. Clearly, the duopoly competition initiated by 21 Deals of higher value often come with greater discounts but the relationship is not generally linear. Thus, the formula of price = value · (1 − discount rate) may not hold on the averages. 22 Changing the time cutoff to six months produced qualitatively equivalent results.
LivingSocial's entry has benefited consumers. Any advantages attained through favorable deal terms seem relatively short-lived as imitative reactions of the rival platform quickly erode such advantages.
To check the robustness of this result, we further controlled for other variables might also affect deal terms. These variables are the ones used in the previous section's performance analysis. The results, summarized in Tables 5 and 6 , generally confirm the basic findings. On average, Groupon offered marginally higher discounts than LivingSocial, while deals of both platforms had similar value and price. But even this difference in deal terms disappeared as entry effects phased out over time, leaving absolutely no difference in deal terms between the platforms after one year of LivingSocial's entry.
Looking at the effects of competition on deal terms (Table 5) , platforms offered greater discounts where local deals were more densely offered. Deals offered for the first time appeared more lucrative as they commanded a significantly lower discount rate and a much higher value or price than subsequent deals by the same merchant did. Merchants with a good track record generally commanded higher prices and lower discounts on their deals. A longer distance from the division centroid was associated with a slightly higher discount rate and a higher value or price. Among the demographics, both population and household income were positively associated with discount rates, but other variables had no effect on deal terms. Interestingly, prices were significantly lower in areas with greater population and higher income, suggesting that platforms may compete more fiercely in local markets with greater demand.
Competition on the Merchant Side: Information-Based Merchant Poaching
The previous section's result indicates that LivingSocial's increased penetration in this market is unlikely to have come through more aggressive deal terms on the consumer side. Thus, we turn to the merchant side to examine possible strategic actions that the entrant used to ignite positive feedback thereby overcoming the initial disadvantage in network size. In fact, the prevalent multihoming by consumers, coupled with the rapid convergence in deal terms over time, is likely to render the merchant side to become a competitive bottleneck. It thus becomes critical for the promotion sites to continually search for new merchants and offer novel deals in order to remain competitive.
Recall that the open information structure in this industry allows the sites to identify the merchants with prior deal experience and obtain detailed information on individual deals.
This information availability can be particularly helpful for new entrants who lack experience in deal development in a local market. Given the situation, the entrant might find it profitable to approach the merchants who already had a business relationship with the incumbent. In at least three ways, utilizing such information will help the entrant to build its business relatively quickly and/or improve over performance. First, it reduces the cost of searching for merchants who might be interested in offering daily deals because these merchants have already revealed a preference for this novel online marketing channel. Second, the learning that took place in prior deals also helps minimize the cost of executing the deals. Third, past performance in deals by these merchants provides a reasonable reference point and hence reduces uncertainty about the expected outcome of a deal.
The Use of Merchant Poaching as Entry Strategy
Given these benefits, developing deals from the merchant that had prior experience with the incumbent (i.e., "merchant poaching" in our definition) may appear to be a dominant option for the entrant as opposed to developing new merchants on their own. However, switching to another platform may incur some cost to the merchant as it may have to negotiate with a new salesperson and perhaps learn new rules. To ease the switching, the poaching platform may offer the merchant a more attractive revenue-sharing formula. Such private contracts, of course, are not available to outsiders such as us. We can only conjecture that the entrant makes a trade-off between developing new merchants on their own at some marketing cost and soliciting the incumbent platform's merchant with some concessions on the revenue split. Our data show that they mix these two. On average, 20.2% of LivingSocial's new deals were with the merchants that had run at least one prior promotion through Groupon. The proportion of these poached deals among the new LivingSocial deals continued to increase over time, reaching over 25% by the end of our data period, which is about a 10%p increase in the initial stage of entry ( Figure 6 ). Thus it appears that LivingSocial aggressively took advantage of the available information on the merchant side to overcome initial disadvantages for late entrants and thereby quickly build up business.
Performance Implication of Merchant Poaching for the Entrant Platform
How, then, do these poached deals contribute to the performance of the entrant? Recall that poaching can help improve the entrant performance at least by lowering the cost of merchant development or by reducing the variance in deal outcomes. Although we do not observe the cost of merchant development, we have data that allow us to examine the outcome variation across deals. In particular, we can measure the effect of poaching on the entrant performance by directly comparing the outcomes of poached deals with those of deals developed internally. For a meaningful comparison between heterogeneous deals, we used the residuals recovered from the performance equation in Section 5. That is, we constructed the residuals in the following manner:
where the superscript k ∈ {poached, own}. By this construction, u k for a deal can only differ in the way it was developed, i.e., poached from Groupon ("poached") versus developed internally ("own").
With this transformed measure of performance, we first examined the performance distribution between deal types.
Panel (a) in Figure 7 illustrates the kernel densities of u k for LivingSocial deals. A set of statistical analyses confirms these patterns. Table 7 shows the result of two-sample t-test (with equal variances) of u k between poached deals and own deals for LivingSocial. The test strongly rejected the null hypothesis of equal means between the two groups (t-stat = -5.45, p-value = 0.000), indicating that, on average, poached deals sold significantly greater numbers of coupons than internally-developed deals did. Clearly, poached deals seem to have boosted the overall performance of LivingSocial as it strove to increase penetration. Quantile regressions, reported in Table 8 , show that the performance improvement primarily came from the curtailment of poor outcomes (at or below 25% in the distribution) as well as a sharp increase in the right-tail outcome (over 95%). Inter-quantile regressions suggest that poached deals were also more predictable in performance, which unconditionally reduced the overall variance in outcomes of LivingSocial deals.
Incumbent Response to Merchant Poaching
If merchant poaching was so frequently used by the entrant and doing so significantly helped it increase penetration and improve overall performance, such strategy would likely trigger an incumbent response. We already saw in the previous section that, facing LivingSocial's entry, Groupon aggressively responded with greater discounts and higher value deals, at least during the first year of the entry. We observe similar incumbent reactions to the entrant poaching. As seen in Figure 6 , Groupon has quickly increased the frequency of poached deals among new deals it offered in the regional market that experienced LivingSocial entry. The proportion of poaching stayed around 7-8% during the first year of the entry but continued to increase up to 15% by two years after the entry. The mean proportion (8.4%), however, remained lower than that of LivingSocial, largely because Groupon offered many more deals during the period.
Interestingly, merchant poaching turned out to be relatively more profitable for the incumbent.
The kernel densities of u k for Groupon deals, depicted in Panel (a) of Figure 8 , show a statistical dominance of poached deals over own-developed deals for most of the left-side of the performance distribution. That is, the deals poached from LivingSocial were much less likely to generate a below-median sales performance among Groupon's new deals. Moreover, the distribution had a fat right-tail, suggesting that some of the poached deals delivered outstanding performance. This pattern held consistently throughout the period since LivingSocial entry, as illustrated in Panels (b) and (c) of Figure 8 . On average, poached deals generated 18% greater coupon sales for Groupon than the internally developed deals did, and this difference was statistically significant (Table 9) .
Our quantile regressions, presented in Table 10 , suggest that this performance improvement through poached deals came from a general upward shift in the outcome distribution, except at the points around 75 percentile. As in the case of LivingSocial, merchant poaching helped Groupon as well to significantly reduce the variance in performance, as indicated by the inter-quantile regressions (Table 10 ). The availability of merchant and deal information allowed the incumbent to curtail the uncertainty of deal outcome by selectively soliciting merchants from the entrant platform.
Concluding Remarks
The last decade has witnessed many insightful scholarly works that shed light on the platform competition in two-sided markets with direct and/or indirect network effects. The focus of these works has generally been on the optimal price structures and competitive outcomes. Nonetheless, we recognize a general dearth of empirical studies that address intriguing questions on these markets:
How do platforms compete dynamically? In particular, how does a new platform overcome initial disadvantages associated with a smaller network size in either side of the platform? How does an incumbent platform respond to the challenges by the entrant? Addressing these questions, we believe, is an important step toward a better understanding of the two-sided platform competition, especially from the dynamic standpoint. Our study is an attempt to fill this void in the literature.
We notice that the fast-growing deal-of-the-day market provides an ideal environment for our empirical investigation. Not only has the market been characterized by a stable, de facto duopoly between Groupon and LivingSocial that compete head-to-head in numerous regional markets in the U.S., but it also provides detailed transaction-level data with objective outcome measures such as the number of coupons sold and sales revenue per deal. Thus, we construct a comprehensive dataset from their websites and study the dynamic competition between the two promotion sites on the sides of consumers and merchants.
We find that, on average, the incumbent Groupon enjoys a significant advantage in deal performance over the rival platform LivingSocial. We further find that this incumbent advantage is primarily attributable to the greater network size on the consumer side. On the consumer side, however, we do not find the evidence of aggressive actions by LivingSocial, the most successful entrant to this industry; both platforms offer similar deal terms to the consumers, though there is some evidence that Groupon responds with more favorable terms, at least in early stages of the entry. More salient, and perhaps more interesting, strategic actions seem to be occurring on the side of merchant in the form of merchant poaching. Since its entry, LivingSocial actively solicits merchants that previously promoted through Groupon, thereby quickly increasing penetration into the regional markets. These poached deals also positively contribute to the overall performance through higher coupon sales and lower variability in sales. Groupon, however, follows suit to counter the entrant threat, while improving its own performance through poached deals.
The open information structure in this Internet-based industry allows the promotion sites to identify the merchants with prior deal experience and obtain detailed information on individual deals. This is particularly helpful for new entrants as it reduces the costs associated with searching, negotiating and contracting with merchants and the uncertainty surrounding deal performance.
Clearly, this open information structure facilitates entries of new platforms into this industry, which then generally increases consumer welfare by making a greater variety of deals at more favorable terms. At the same time, the open information structure, coupled with the already low switching cost for the merchants, seems to make it harder for the platforms to build merchant loyalty. Thus, the information availability turns into a competition-intensifying channel over time, particularly as the incumbent fights back with an increased poaching of the new merchants that the entrant manages to develop at their own cost.
The phenomenal advances in the information technology have dramatically reduced the cost of matching between different groups or agents. As a result, we observe a burgeoning of various webbased intermediary platforms that link between online and offline economic activities. We believe that our study will play a guiding role for future studies on these platform-mediated markets.
Consider, for instance, the online vacation rental market. A number of websites (e.g., Airbnb.com, VRBO.com, and Vacationrentals.com) connect between homeowners who seek to rent out their places and travelers who look for short-term stays in lieu of hotels. This market exhibits most of the characteristics found in the daily deals market such as the heavy reliance on information technology, the critical involvement of local agents, low entry barriers, and considerable uncertainty associated with transactions. Intermediating platforms have strong incentives to publicize their transaction records to attract agents from both sides as the market is still deemed experimental and the transactional uncertainty that agents face is relatively high. Given the similarity in market conditions, we surmise that most of our findings on platform competition may easily apply to this emerging two-sided market. More generally, we hope that our study will encourage further fruitful research on the dynamic platform competition. We also developed a common deal categorization system. Each deal is, in principle, unique in the deal characteristics but is relatively homogeneous within the category it belongs to (e.g., restaurants, health and fitness, shopping, etc.). At a minimum, we need to control for the variations across deal categories. Groupon utilizes tags to characterize deals (e.g., steakhouses, personal trainers, pet stores, etc.). Each Groupon deal thus carries at least one and up to four tags that represent the nature of the deal. There are about 580 unique tags associated with Groupon deals. These tags can be aggregated into 18 broad tags ("categories," hereafter) defined by Groupon. We used these categories to classify the Groupon deals. However, there is no corresponding classification system for LivingSocial deals and hence we had to assign each of the LivingSocial deals into one of the Groupon categories based on the content of the deal. For this assignment, we utilized a machine learning algorithm that applied a Bayesian inference logic to match each deal with a category that best represented the deal content. We used as inputs for training the machine the entire list of vocabularies that appeared in titles and subtitles of the deals. For the implementation, we utilized the Natural Language ToolKit (Bird, Loper, and Klein, 2009 ). To ensure consistency in classification, we not only classified all LivingSocial deals but also re-classified each Groupon deal 23 For instance, subscribers are only notified of deals offered in the geographic units they live in.
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to a unique category using the same algorithm. Appendix C provides the details of this Bayesian category classification procedure. This process reduced the effective number of categories to 13, to which all deals in the dataset were uniquely assigned.
Further, we integrated the merchant information from both platforms to uniquely identify the merchants. Though both platforms provide the street addresses of the deal-offering merchants, they use different formats for the address field. More critically, LivingSocial does not state merchant names. These inconsistencies make it challenging to precisely match merchants between the two data sources. Thus, we used as merchant identifiers the geographic coordinates of latitude and longitude, measured to the sixth decimal point. Both platforms provided these coordinates for each deal in numerical forms. The difference of 10 −6 degrees in latitude or longitude around the mid-point roughly translates into 3 feet. Thus, coordinates at this level of precision reasonably serve as valid identifiers.
To determine the timing of deal offer, we used the end date. One could alternatively use the start date, but such information was only available for Groupon deals. Moreover, the time gap between the start date and the end date was very short (the median was two days). In addition,
we used the month as our time window for analysis. Thus, using the end date for determining the offer timing is unlikely to cause any material bias to our results.
A final note on the data concerns the sold quantity. We used this information, along with the sales revenue, to measure the outcome of a deal. The sold quantity in a Groupon deal was truncated at 1,000, 5,000, 25,000, 100,000 and 1,000,000 such that any deals falling between two marks were set for the lower bound (e.g., 1,001 units was recorded as 1,000). For about 8% of the deals, the sold quantity was reported truncated (about 80% of them were clustered at 1,000).
In contrast, LivingSocial reported the actual number of units that the consumers purchased. We computed the sales revenue per deal by multiplying the price with the sold quantity. Hence, the actual sold quantity and the sales revenue for the quantity-truncated Groupon deals should always be greater than or equal to the corresponding figures in our data. This implies that any advantage of Groupon over LivingSocial we may find from our analysis on these outcome measures will be a conservative estimate. Our results hold even if we drop all deals that appear truncated. Step 1. Training using Groupon deals manually tagged by staffs
Step 2. Prediction assigning both Groupon and LivingSocial deals to one of 18 categories
